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ABSTRACT
Water quality deterioration in water distribution networks can be associated with high water residence
time in the network. To this end, some previous studies have proposed optimization procedures for
valve management. However, these studies generally come up with operational conﬁgurations assum-
ing deterministic user demand patterns that may never occur in reality. In consequence, the proposed
solutions may not be eﬀective for improving water quality or do not comply with pressure constraints if
diﬀerent demand patterns are observed. This study proposes a methodology to determine robust
conﬁgurations of the valves to keep water residence time at acceptable levels regardless of the
variability in demand patterns. The methodology is tested on four diﬀerent distribution systems of
varying topology and size. Results show the importance of executing robust – instead of deterministic,
optimization to ﬁnd valve conﬁgurations that guarantee the performance of the networks in terms of
hydraulics and water quality.
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Introduction
Many water quality problems in Water Distribution Networks
(WDNs) can be associated with high water residence time in the
system, known also as water age. Indeed, high water age aﬀects
several physical, biological and chemical aspects, contributing to
the accumulation of sediments in pipes, corrosion, undesirable
odours and stimulation of chemical reactions (Association,
American Water Works 2002; Machell and Boxall 2014; Machell
et al. 2009; Masters et al. 2015). Besides, chlorine residual concentra-
tion decreases with age, impacting its eﬃciency as a puriﬁer. In
distribution systems where chlorine is used as disinfectant, high
water age also facilitates the generation of disinfection by-products
(DBPs) such as trihalomethanes (THMs), which are carcinogenic (e.g.
Morris et al. 1992; Weinberg et al. 2002). For these reasons, water
age is often taken as a global indicator of water quality inWDNs (Fu
et al. 2012; Shokoohi et al. 2017), implying that a well-performing
WDNs should keep water age in the network at low values.
The main factors contributing to increase water age are the
design of WDNs to cope with future demand based on an esti-
mated growth of the population, possible commercial and indus-
trial developments, and ﬁre protection. For example, in the ﬁrst
years of operation the networks may be oversized for the reduced
water demand in comparison to the design demand; the same can
happen if the projections of population growth or developments
used in the design do not occur as foreseen.
Proper operational interventions, including valve man-
agement, can be achieved by means of optimization proce-
dures. Optimization has been applied to solve a range of
problems related to the design and operation of WDNs and
a comprehensive review is reported by Mala-Jetmarova,
Sultanova, and Savic (2017).
Several studies have proposed the optimization of valves’
operations to improve water quality. Among the existing studies,
Prasad and Walters (2006) suggested to minimize water age by
ﬁnding optimal operational valves status using a single-objective
optimization problem formulation solved with genetic algorithms.
More recently, Quintiliani et al. (2017) and Quintiliani et al. (2019)
addressed the same problem using a multi-objective optimization
formulation, in which both the water age and the number of
operational interventions are minimized. Although Abraham,
Blokker, and Stoianov (2017) used valvemanagement tomaximize
the self-cleaning capacity of the network to decrease the risk of
discolouration during the peak hours of demand using a single
objective optimization. Other authors have proposed the optimi-
zation of valves’ conﬁguration by minimizing operational costs.
Carpentier and Cohen (1993) optimized the scheduling of valves
by the decomposition and coordination of local problems using
discrete dynamic programming . Optimal scheduling of valves,
among other network elements, has been solved using augmen-
ted Lagrangian method (e.g. Ulanicki and Kennedy 1994) and
using decomposition, using the projected gradient and the com-
plex methods (e.g. Cohen, Shamir, and Sinai 2000a, 2000b, 2009).
Most of these studies, however, neglect that the beha-
viour of the network can be aﬀected by uncertain para-
meters or design variables. It is well known that these
uncertain inputs can aﬀect the estimation of hydraulic and
chemical processes that are mainly model-based (Di Cristo,
Leopardi, and de Marinis 2015; Idornigie et al. 2010; Pasha
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and Lansey 2005). As a consequence, the solutions obtained
from a model-based optimization are also aﬀected by uncer-
tainty in the parameters. Water demand is one of the main
recognised sources of uncertainty. Several works have aimed
at the minimization of cost and the maximization of WDN
robustness or resilience taking into account the uncertainty
of water demands. Babayan, Savic, and Walters (2004) used
the multi-objective optimizer NSGA-II where, in every stage
of the evolution, uncertain parameters are used to identify
critical nodes and the most signiﬁcant variables impacting
resilience. Kapelan, Savic, and Walters (2005), Kapelan et al.
(2006) and Savic (2006) used robust NSGA-II (rNSGA-II) as the
multi-objective optimizer, which takes into account uncer-
tainty in the evaluation of the objective functions. To select
a robust solution during the evolution of the algorithm, the
uncertainty is incorporated carrying out a small number of
samples of the uncertain parameters.
The few researches associated with reducing water age via
valve management (Prasad and Walters 2006; Quintiliani et al.
2017; Quintiliani et al. 2019) use a deterministic approach
assuming a ‘representative’ daily demand pattern without con-
sidering uncertainty. This is a limitation because the uncertainty
in water demand aﬀects the hydraulic conditions, impacting
water age in the network. The novelty of this study is to improve
themethod presented by Quintiliani et al. (2017) and Quintiliani
et al. (2019), proposing a methodology for realizing a robust
optimization, which considers demand uncertainty. To this end,
the Loop for Optimal valve status Conﬁguration (LOC) algo-
rithm is used in combination with RObust optimization and
Probabilistic Analysis of Robustness (ROPAR), which is
explained in the next section (for other cases using ROPAR see
Marquez-Calvo and Solomatine (2019)). In this paper, four dif-
ferent networks of varying sizes and complexities are used to
demonstrate the appropriateness of the methods, comparing
both deterministic and robust optimization results.
The rest of this paper is structured as follows: ﬁrst, the
methodology is presented, in which the optimization problem
is formulated and where details about deterministic and
robust optimization using ROPAR are presented. The metho-
dology also presents the experimental design and the pro-
posed criteria to compare both methods. Next, the four water
distribution networks are presented and described, followed
by the presentation, analysis and discussion of results. Finally,
conclusions and recommendations are presented.
Methodology
Description of the optimization problem
The problem consists of robustly minimizing the water age in
a network by operating a convenient set of valves, in such
a way that the water age stays as close as possible to its
minimum value knowing that water demand is uncertain. We
assume that every pipe in the network has a potential shut oﬀ
valve to be operated. The decision variables are the statuses of
the valves, represented in principle by binary values (open or
closed). Further investigations will consider degrees of valve
closures or openings as suggested by Kang and Lansey (2009)
and Ostfeld and Salomons (2006).
The multi-objective optimization problem considers two
objective functions: the water age, evaluated as the Demand
weighted Mean Water Age (DeMeWA, Equation (1)) and the
Number of valve Closures (NoC, Equation (2)):
ObF1 ¼ min
x
DeMeWA x;uð Þ ¼ min
x
PD
i¼1
PT
t¼0 WAi;t x;uð Þqi;tPD
i¼1
PT
t¼0 qi;t
(1)
ObF2 ¼ min
x
NoC x; uð Þ (2)
WAi,t is the water age at the i-th node at time step t; D is the
number of demand nodes in the network, T represents the
number of time steps within the Total Simulation Time (TST);
qi,t is the water demand requested at node i at time step
t. NoC represents the number of valves that have been inter-
vened (closed); x is the vector of decision variables, containing
one of two possible values for each pipe in the network: 1 if
the valve is open and 0 if it is closed. Furthermore, u is
a vector containing demand pattern factors (24 positive
values, one per hour of the day), which are the uncertain
parameters.
Two constraints are needed to guarantee that: 1) any valve
conﬁguration status delivers water to all nodes, i.e. nodes
cannot be disconnected; 2) the pressure Pi,t in each node i at
each time t must be within a ﬁxed, acceptable range:
Pmin  Pi;t; x;uð Þ  Pmax "t ¼ 0::T "i ¼ 1::D (3)
It is worth noting that the objective functions and the con-
straints depend on both the decision variables and the
demand pattern.
To calculate the value of the objective functions and con-
straints, a computer program was developed. The program
incorporates the valve conﬁgurations in the input ﬁle of the
hydraulic model and, using the EPANET Programmer’s Toolkit
(Rossman 1999), run the hydraulic and water quality engines.
To verify the existence of disconnected nodes, the error
thrown by EPANET is checked. For the evaluation of water
age, complete mixing at nodes is assumed and dispersion is
neglected (Boccelli et al. 1998; Di Cristo and Leopardi 2008).
Deterministic optimization (DO)
To perform the deterministic optimization, a ﬁxed 24 hours
demand pattern is considered in each node. The LOC algo-
rithm is a fast procedure to quickly ﬁnd sub optimal solutions.
LOC is a greedy algorithm (e.g. Alfonso et al. 2013; Banik et al.
2017) that works by stages. In the ﬁrst stage, with all valves of
the network open, the LOC algorithm closes one pipe at
a time in order to ﬁnd the one that oﬀers the highest reduc-
tion in ObF1. In the second stage, the pipes that were not
selected in the ﬁrst stage are, again, closed one at a time,
keeping the valve selected in the ﬁrst stage closed, and ﬁnd-
ing in this way the second pipe that gives the highest reduc-
tion in ObF1. This process is repeated until one of the
constraints is violated (either disconnection or minimum
pressure).
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Robust optimization using ROPAR
Robust optimization (RO) of multiple objectives is an optimi-
zation method that generates a set of optimal solutions that
oﬀers the smallest variability of the objective functions when
some elements or parameters of the modelled real system are
varying due to their uncertainty (e.g. Deb and Gupta 2006;
Erfani and Utyuzhnikov 2012; Gaspar-Cunha and Covas 2008;
Gunawan and Azarm 2005).
For the considered problem, the objective is to obtain
a robust conﬁguration of valves, such that minimizes water
residence time and keeps it near its minimum even under
a large range of possible user demands.
To ﬁnd robust solutions, the ROPAR algorithm is
adopted (Marquez-Calvo and Solomatine 2019). ROPAR is
applied to this case in three parts, namely I) demand pattern
sampling and generation of Pareto fronts, II) analysis of Pareto
fronts and III) selection of the robust solution.
Part I. Demand pattern sampling and generation of Pareto
fronts
Because demand node variability is related to the behaviour of
each user then it is a stochastic process (e.g. Blokker, Vreeburg,
and Van Dijk 2009). In a stochastic representation of this
process the values of the uncertain parameters (in our case
a set of hourly pattern multipliers), are produced with a Monte
Carlo sampling obtaining n diﬀerent water demand patterns.
To generate these uncertain multipliers, the historical mean
demand, named mbase,k, is used as a base. The m stands for
multiplier. The sub-index k indicates the hour of the day (i.e. 1
to 24) the multiplier is applied to. To perform the sampling,
the daily variability of residential water demand is simulated,
considering two diﬀerent probability distributions: Normal and
Log-Normal (Tricarico et al. 2007). For both probability distri-
butions, the mbase,k is the base demand (i.e. the value used for
the DO) and the standard deviation is assumed 20% of the
base demand, both base demand and its standard deviation
obtained from historical demand. In particular, if the base
demand is less than 1.5, the Normal distribution is considered;
otherwise the Log-Normal distribution is adopted. The uncer-
tain demand is named muncertain,k, which is modelled as an
independent random variable obtained from the distributions
mentioned above and represented in Equation (4).
muncertain;k,
Normal mbase;k; 0:22
 
; if mbase;k < 1:5
Log Normal mbase;k; 0:22
 
; if mbase;k  1:5

(4)
For convenience u is deﬁned as the vector [muncertain,1, muncertain,2,
. . ., muncertain,24]. If the networks are in residential areas, only one
vector u is necessary to represent the domestic demand of all
nodes in the network, and in this case 24 random variables are
considered. If the networks have m diﬀerent demand patterns,
then m number of vectors u would need to be generated, and
the number of random variables would be 24*m.
A common assumption from the modelling perspective
(e.g. (Abraham, Blokker, and Stoianov 2017; Blokker,
Vreeburg, and Van Dijk 2009)) is that the demands from
individual households or connections with similar demand
type are aggregated and assigned to a node that represents
such an area. In this paper we also follow this assumption, and
therefore small pipes connecting the households to the dis-
tribution network are not modelled.
Latin Hypercube sampling is used as the method for Monte
Carlo analysis. In this paper we sample n = 1000 demand
pattern vectors u. For each pattern, the optimization problem
is solved using LOC, obtaining 1000 Pareto-quasi optimal sets.
For the process just described, the sampling conﬁdence (i.e.
SC) can be calculated, which is deﬁned as the percentage of
the sample space explored. This SC is dependent on the con-
ﬁdence level of each of the 24 random variables. The formula
relating these concepts is:
SC uð Þ ¼
Y24
k¼1
confidence levelðmuncertain; kÞ (5)
Part II. Analysis of Pareto fronts
In this step the family of n Pareto fronts obtained in part I are
analysed. The analysis consists of identifying the value of one
objective function for which the value of the other objective
function yields the lowest possible variance. In our case, we
aim to identify the value of ObF2 (i.e. NoC) that yields the
lowest variance for ObF1 (i.e. DeMeWA). To this end, ﬁrst an
initial NoC value is selected; second, all (n) corresponding
values of DeMeWA are extracted from the Pareto fronts, and
stored in set S. Third, an empirical probability distribution is
built with the values in S, obtaining an approximation of the
probability density function characterizing DeMeWA for that
initial NoC. Finally, the procedure is repeated for diﬀerent
values of NoC, selecting at the end the one that gives the
minimum DeMeWA variance.
Part III. Selection of the robust solution
This step consists of two main parts. First, check if S contains
repeated solutions; if so, then eliminate them in order to
obtain a set of unique solutions SU. Each unique solution
might have associated a number r of repeated solutions. This
number r is the frequency of the unique solution. This fre-
quency of the unique solution is used in the analysis of results.
Second, ﬁnd a network conﬁguration that works for every
possible demand pattern generated, as it is explained next. Take
the ﬁrst value in SU and retrieve its associated network conﬁgura-
tion. For each generated demand pattern u, run the retrieved
network and obtain its DeMeWA value. If one or more demand
patterns generate violations of the pressure constraint, it is said
that the network is not reliable and must be discarded; otherwise,
this (reliable) network is stored in the set SR. For each network in SR,
the mean and maximum of DeMeWA (over the n demand pat-
terns) are calculated. Repeat the procedure for the rest of the
network conﬁgurations associated to the values in SU. At the
end, a set of reliable solutions SR of cardinality R is obtained.
Note that R can be less or equal to the number of Pareto fronts
originally generated (R ≤ n). In addition, two vectors of size R,
containing the averages (i.e. A) and themaxima (i.e.M) ofDeMeWA
are obtained.
Two criteria of robustness are considered: the network that
gives the minimum average of DeMeWA (i.e. ROS1 = min(A)),
and the minimum maximum of DeMeWA (i.e. ROS2 = min(M)).
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Note that the robust network obtained with ROS1 can be
diﬀerent from that obtained with ROS2. If ROS1 is diﬀerent
from ROS2 it is not possible generalize that ROS1 is always
better than ROS2 nor vice versa. The selection of one of these
two solutions is going to depend on the analysis of the trade-
oﬀs of one against the other, a decision that is left to the
decision maker.
Furthermore, it is worth mentioning that the minimum
maximum DeMeWA is not looking for a solution that complies
with a speciﬁc threshold. What the method is looking for is
a solution with the minimum worst case.
The three parts of the method are presented in Figure 1. In
this ﬁgure, V is a vector storing the 1000 values of the
DeMeWA result of evaluating one single solution with each
of the 1000 samples of user demand.
Assessing the total reliability
We now introduce the concept of total reliability (i.e. TR) of
a network. This parameter indicates the minimum perfor-
mance that we can expect from the network. To calculate TR,
the reliability of the solution is required.
Begin
Generate 1000 samples 
of demand pattern u
Generate 1000 Pareto 
fronts using LOC
Pick those 1000 solutions 
from the Pareto front with 
Number of closure equal to 
NoC and put them in S
Select only unique solutions 
from S and put them in SU
Set:
SR = empty
i = 1
q = 1
k = 1
V = empty
i <= Size (SU)
q <= 1000
Pick i-th solution from SU  and pick q-th 
sample of u to run simulation. From the 
simulation produce DeMeWA and 
status of pressure constraint
Pressure 
constraint 
satisfied?
Yes
Yes
Set:
 V(q) = DeMeWA
q = q + 1
Set:
q = 1
V = empty
i = i + 1
Yes
No
Pick i-th solution from SU and add it to SR
Set:
A(k) = mean value of elements in V
M(k) = maximum value of elements in V
q = 1
 k = k + 1
V = empty
i = i +1
Set:
r1=position of minimum element of A
r2=position of minimum element of M
ROS1=pick r1-th solution from SR
ROS2=pick r2-th solution from SR
End
No
No
Figure 1. Flow chart of the method.
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The reliability (i.e. R) of a solution is the ratio between the
number of samples where the solution complies with the
constraint of the network (i.e. minimum pressure for every
node) and the total number of samples. It can be represented
with the following equation:
R ¼ number of samples where solution copes
total number of samples
(6)
So far two concepts related with probability have been men-
tioned, SC and R. These two concepts are used to deﬁne the TR
of the network. The multiplication of the R of a solution with
the SC of the sample used deﬁnes the TR of the network.
TR ¼ SC  R (7)
Experimental setup
The methodology is applied to four diﬀerent water distribu-
tion systems, introduced in the next section, and for each of
them ROS1 and ROS2 are compared. In addition, the networks
are solved using deterministic optimization, and the solution
(i.e. DOS) is evaluated over the set of n demand patterns as
a baseline for comparison.
Computational complexity
There are two algorithmic parts in the proposed method. The ﬁrst
part is the execution of LOC and the second part is the number of
times that LOC is repeated to take into account the uncertainty.
First, the complexity of LOC is analysed. As it can be
inferred from its description, LOC uses a limited number of
function evaluations to ﬁnd a Pareto front, understanding as
one function evaluation one execution of EPANET. The num-
ber of function evaluations is therefore, (Equation (8)).
E ¼
XP
i¼N
i (8)
Where E is the number of function evaluations, P is the num-
ber of pipes of the network and N is the number of nodes. The
result of this expression is 0.5*[P2 + P-N2 + N]. Therefore,
obtaining a Pareto front using LOC requires polynomial time.
In the second part the LOC algorithm is repeated for the
number of the considered samples, which in this paper is 1000
regardless of the network. The number of function evaluations
per network is 1000*0.5*[P2 + P-N2 + N]. Note that the order of
this expression is still polynomial.
An advantage of using this method is the possibility to run
each of these 1000 executions of LOC in parallel, thus, having
the possibility of obtaining the results in the time required by
just one execution of LOC if there are 1000 CPUs available.
In this paper, 1000 samples were used. However, in general,
the number of samples of u depends on two factors, the
number of random variables and the size of the network.
A reﬂection is presented in the section of results about the
number of samples.
Description of the water distribution systems used
for analysis
Four distribution systems from the literature, representing
residential areas, are used to test the methodology. They are
named in this paper as Sys473 (Jolly et al. 2013), Sys365
(Alfonso, Jonoski, and Solomatine 2009), Sys47 (Prasad and
Walters 2006) and Sys40 (Alfonso, Jonoski, and Solomatine
2009). The number that follows the ‘Sys’ preﬁx indicates the
number of potential valves to be operated in each network.
Their schemes are shown in Figure 2. Topology, geometric
data, base demand and pattern values are the same as
reported in the original papers, and not repeated herein.
In each considered system, all demand nodes have the same
base demand and a one-hour time step pattern. The DO is
carried out considering the ‘base’ demand pattern, while in the
RO, the multipliers are modiﬁedwithin a Monte Carlo method, as
described in the methodology. For each pattern, hydraulic and
quality simulations are performed with a time step equal to ﬁve
minutes. The DeMeWA values (i.e. Equation (1)) have been calcu-
lated on a 24 h period (TST = 24 h). The values used as pressure
thresholds in Equation (3) are Pmin = 15 m and Pmax = 100 m, and
they guarantee a demand-driven functioning.
Results
Deterministic optimization results (using LOC)
The Pareto fronts obtained with DO for the four networks are
shown in the ﬁrst row of Figure 3. It can be observed that DO
allows to have, with an adequate number of closures, a reduction
of water age of around 50% of the value corresponding to the
‘do nothing’ option. In evaluating the Pareto front, the ‘do-
nothing’ solution, corresponding to NoC = 0, is always included
a) b) c) d) 
Figure 2. Scheme of the cases of study: a) Sys473, b) Sys365, c) Sys47 and d) Sys40.
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to compare how much DeMeWA improves with respect to the
original status. The shape of the Pareto front for network Sys473
indicates that the main reduction in DeMeWA is reached with
a limited number of closures, while for the others at least one-
third of the valves have to be operated.
Robust optimization results (using ROPAR)
Part I of ROPAR. The second and third rows in Figure 3 also report
the 1000 Pareto fronts generated with the RO for each system.
Part II of ROPAR. Although any value of NoC can be selected,
two values ofNoC have been considered to illustrate the analysis.
The ﬁrst value (NoC1) is the number of valve closures for which
solutions are available for all Pareto fronts and the minimum
value of DeMeWA is reached. These number of closures are 122,
116, 6 and 15 for the networks Sys473, Sys365, Sys47 and Sys40
respectively (see second row of Figure 3).
The second value (NoC2) is the inﬂexion point at which an
increment in the number of closures does not represent
a signiﬁcant reduction of DeMeWA. These values are 20, 20, 3
and 9 for the networks Sys473, Sys365, Sys47 and Sys40
respectively (see third row of Figure 3).
For the two considered NoC values NoC1 and NoC2, the PDFs
of the 1000 DeMeWA values are generated, see the second and
third rows in Figure 3. The solutions corresponding to low NoC
values have smaller standard deviations than those with higher
value, meaning that they have less variability and therefore they
oﬀer more robustness. However, solutions with high NoC values
provide a high reduction of DeMeWA. This clearly represents
a trade-oﬀ between having less water age and having less
variability. To have more information about this trade-oﬀ, it is
necessary to carry out the analyses that follow.
Part III of ROPAR. To reduce the computational cost, the
analysis over repeated solutions is avoided. Therefore only the
group of unique solutions for ﬁxed values of NoC (NoC1 and
NoC2) is considered (see Table 1). The number of repeated
solutions, which is the complement to 1000 of the unique
solutions, decreases with the complexity of the network. The
number of repeated solutions is 0% and 16.4% in the Sys473
network for the case NoC1 and NoC2, respectively, while for
the smallest Sys40 the repeated solutions are 98.4%, and
99.3% for NoC1 and NoC2, respectively.
Figure 4 furnishes information about the reliability and fre-
quency of the unique solutions. To visually present the informa-
tion more understandably, for each case, the solutions are ﬁrst
ordered by their reliability and then by their frequency. For
example considering the chart Sys365, NoC2 (Figure 4(f)) every
one of its 39 unique solutions have 100% reliability and the 39th
solution has a frequency of 358. To simplify the discussion, in the
rest of the paper a solution is reliable if its reliability is 100%,
otherwise it is unreliable. Table 1 indicates that for theNoC2 case,
for networks Sys365 and Sys40, all unique solutions are reliable.
For Sys40, considering NoC1 valve closures, only one reliable
solution is found. For Sys473 85% of the solutions are not reliable
for bothNoC values. Finally, only one solution is reliable for Sys47
for both NoC values. These results suggest that the number of
reliable solutions is inﬂuenced by the NoC value and it cannot be
correlated to the size of the network. That is, the number of
reliable solutions depends essentially on the functioning of the
scheme corresponding to the considered number of closures.
Figure 3. Pareto fronts obtained using Deterministic Optimization (DO) and Robust Optimization (RO), for diﬀerent networks.
Table 1. Metadata of the distribution systems.
Sys473 Sys365 Sys47 Sys40
NoC1 = 122 NoC2 = 20 NoC1 = 116 NoC2 = 20 NoC1 = 6 NoC2 = 3 NoC1 = 15 NoC2 = 9
Unique solutions 1000 836 683 39 43 7 16 7
Reliable solutions 176 108 675 39 1 1 1 7
DOS reliability (%) 92.9 94.3 100 100 0 10.7 99.3 100
Sampling conﬁdence(%) 96.11 96.11 96.11 96.11 96.11 96.11 95.09 95.09
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The analysis indicates also that the deterministic approach gives
solutions that cannot cope with the variability of the demands.
From the reliable solutions, the most robust ones are selected
using the criteria ROS1 and ROS2. Actually because the method is
looking for solutionswith two criteria ofminimumvariability, ROS1
and ROS2, a Pareto front of robust solutions could be produced.
Figure 5 shows, for each considered case, the comparison of the
solution found by criterion ROS1 and ROS2 with respect to the rest
of the reliable solutions. In three cases represented in Figure 5(c,d,
g) only one reliable solution is found. In another three cases
(Figure 5(b,f,h)), ROS1 and ROS2 select the same solution. For the
cases reported in (Figure 5(a,e)), diﬀerent solutions are selected as
themost robust from the two criteria. In the case Sys473 andNoC1
(Figure 5(a)), a Pareto front with three robust solutions can be
seen. These three solutions dominate all the other solutions. The
solution in the middle of these three seems to have a good
compromise between ROS1 and ROS2, but ultimately it is left to
the decisionmaker to select one of these three robust solutions. In
the case Sys473 and NoC2 (Figure 5(e)), a Pareto front with ﬁve
robust solutions can be seen.
In summary, the results of the RO show that in six of the eight
cases the same solution is individuated fromboth criteria. For the
other two cases the ROS1 and ROS2 solutions have a diﬀerence of
less than 4% with respect to DeMeWA average, while the diﬀer-
ence is about 33%with respect toDeMeWAmaximum. This result
indicates that the ROS2 solution is good in terms of DeMeWA
average, while the ROS1 one is not as good as the ROS2 solution
considering the DeMeWA maximum. In conclusion, the pre-
sented analysis suggests the use of the ROS2 criterion (i.e. the
minimum maximum of DeMeWA).
Discussion
The results of the four networks are analysed next, beginning
with the network Sys47. Figure 6 reports the condition with
all the valves open and the optimum solutions, deterministic
and robust for six pipes closed (i.e. NoC1). In the ﬁgure, the
thickness of each pipe is proportional to its diameter. The
case of the network Sys47 is particularly relevant because the
deterministic optimization has 0% reliability (see Table 1).
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Figure 4. Reliability and frequency of unique solutions.
Figure 5. Comparison among ROS1 (R1), ROS2 (R2), DOS (D), and the rest of the reliable solutions for all the cases.
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This result remarks the importance of performing a robust
optimization, because the implementation of a deterministic
solution may have very disastrous consequences on the
system functioning. In contrast, the robust solution has
100% reliability. This robust solution stays at a minimum
value even when the demand varies. The maximum
DeMeWA that this network will have is 3.43 hours and its
average DeMeWA will be 3.37 hours (see Figure 5(c)). From
these values it is clear that even in the worst case, the
DeMeWA will be just 0.06 hours away from the average, or
in other words, the solution stays very close to its minimum
value regardless of the variation of the demand. For the case
of NoC = 3, the deterministic solution has 10.7% of reliability
(see Table 1). The robust solution has just a diﬀerence of
0.06 hours between the average and maximum DeMeWA,
coinciding with the case NoC = 6 about the stability of its
solution under variations of the demand.
The results for the network Sys40 illustrate that a deterministic
optimization could ﬁnd a robust solution for the simplest case of
the simplest network (see Figure 5(h)). However there is no way of
knowing whether the deterministic solution is indeed robust or
not, if not carrying out an analysis considering uncertainty in the
demand.
About the network Sys473, there are two important aspects.
First point, for both cases analysed (i.e. NoC1 and NoC2), the
solutions found by ROS1 and ROS2 are diﬀerent (see Figure 5(a,
e)). However just one of the two solutions has to be adopted. In
both cases ROS2 furnishes a better option because these solu-
tions have the minimum value of the maximum DeMeWA and
almost the minimum value of the average DeMeWA. Second
point, from Figure 4(a,e) it is clear that the number of solutions
with 100% reliability is very limited. It suggests that for the bigger
networks, a solution with 100% reliability may not exist. In this
case, it would be desirable or even necessary to increase the
number of samples of demand to increase the chances of ﬁnding
a solution with 100% reliability.
For the network Sys365, from Figure 4(b,f) can be seen that all
the solutions have very high reliability (i.e. more than 99.6%). Even
the deterministic solutions have 100% reliability (although they are
not themost robust). It would be interesting in a future research to
explore whether this is due to the architecture of the network.
The SC was calculated using Equation (5). The SC for
networks Sys473, Sys365, Sys47 and Sys40 are 96.11%, 96.11%,
96.11% and 95.09%, respectively. These percentages can be
interpreted as the proportion of probable cases that were tested.
This means that the complement of these percentages are the
sample spaces not explored, which are 3.89%, 3.89%, 3.89%, and
4.91%, respectively.
Once having the sampling conﬁdence SC (i.e. Equation (5))
and the reliability R (i.e. Equation (6)) of the solution, the total
reliability TR (i.e. Equation (7)) of the network can be calcu-
lated. For example for the robust solution of the case (Sys473,
NoC1), the total reliability is 0.9611 × 1.00 which is 96.11%.
This means that the network is going to cope with 96.11% of
the possible scenarios of demand, while for the other 3.89%
ones it is not known because this 3.89% is the proportion of
the sample space that was not explored.
Depending on the needs of each network, the number of
samples can be increased to augment the SC or the reliability
of the conﬁguration or both, to end up with a higher value of
the total reliability.
Conclusions
Thepresent study investigates the optimumconﬁguration of valves
for keeping thewater age in a distribution network to reliable levels
to avoid water quality degradation. The multi-objective optimiza-
tion problem is formulated, aimed at minimizing the water age
(ObF1) and the number valve closures (ObF2), and solved using
the LOC algorithm. The novelty of this study is the explicit account
for uncertainty in demands. The employedmethodology combines
the optimization problem with a RObust optimization and
Probabilistic Analysis of Robustness, ROPAR, to ﬁnd a robust con-
ﬁguration with respect to water demand uncertainty. In particular,
the robust optimization methodology solves n times the optimiza-
tion problem varying the demand pattern, obtaining n Pareto
fronts. For individuating the most robust solution, two diﬀerent
criteria, based on the minimization of the average and maximum
ObF1 value, named ROS1 and ROS2, respectively, are proposed. The
results of the robust optimization (RO) are compared with the ones
of a deterministic optimization (DO), where the DO is realized with-
out consideringuncertainty. Four diﬀerent networks of varying sizes
and complexities are used as case studies.
The analysis shows that in many cases the solution(s) found by
DO may not satisfy the constraints necessary for an adequate
hydraulic functioning of the network if demand values are varied,
and implementation of a deterministic solution may lead to the
system malfunctioning. It is demonstrated that RO leads to
All open Deterministic Robust 
a) b) c) 
Figure 6. Network Sys47, all pipes open (a), and optimum solutions closing six pipes (i.e. NoC1), deterministic (b) and robust (c).
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diﬀerent solutions which are more appropriate to implement in
case of uncertainty in demand. Moreover, the RO results indicate
that the criteria based on the minimization of the maximum ObF1
are more convenient. The analysis also shows that the number of
reliable solutions is inﬂuenced by the number of closures and is
not correlated to the size of the network.
Recommendations for future research are related to the
following three points. First, to take into account new designs
in valves that can be operated not only in binary states (i.e.
closed or opened) but also in intermediate degrees of those
two states. Second, to consider that the network has diﬀerent
kinds of users and/or diﬀerent consumption through the year
impacting with this the demand patterns to take into account.
Third, it would be useful to develop the ROPAR approach
further, and to test it on more case studies with diﬀerent
characteristics and sources and types of uncertainty.
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